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Abstract 
Given the import of the consequences of motor vehicle crashes, transportation safety researchers examined the 
influence of exogenous variables on vehicle occupant injury severity. Our study focuses on identifying the 
associated risk factors of driver fatalities while recognizing that fatality is not a single state but rather is made up 
of multiple discrete states from dying instantly to dying within the thirty days of crash by using the data from 
Fatality Analysis Reporting System (FARS). The research also simultaneously examines the whole spectrum of 
injury severity on an eleven point ordinal severity scale - no injury to fatality characterized as instant death by 
using a pooled dataset from FARS and General Estimates System (GES) dataset. The data pooling exercise is 
from FARS database. The data for the current study is sourced from the FARS and GES databases for the year 
2010. The generalized ordered logit approach is considered for the empirical analyses. The important control 
variables that affect the both the early fatality risk and the injury severity outcome of the drivers include: driving 
under the influence of alcohol, medium or higher speed limits and increase in vehicle age.  
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1. Introduction 
Transportation safety research has evolved along two streams- the first stream is focused on identifying 
attributes that lead to traffic accidents and provides mechanisms to reduce the occurrence of traffic accidents and 
the second stream identifies factors that play a critical role in the severity of the crash and propose 
countermeasures to reduce the road crash related consequences (injuries and fatalities) in the unfortunate event of 
the crash.  Our research contributes to the literature on the second stream. 
Transportation safety researchers examined the influence of various exogenous variables on vehicle occupant 
injury severity. Towards this analysis, in the United States, safety researchers have focused on either examining 
fatal crashes (involving at least one fatally injured vehicle occupant) or a random sample of traffic crashes that 
compile the injury severity at an individual level as an ordinal variable. The fatal crash database compiles crashes 
if at least one person involved in the crash dies within thirty consecutive days from the time of crash and is 
usually obtained from Fatality Analysis Reporting System (FARS) database. The FARS dataset in fact provides a 
continuous timeline of the fatal occurrences from the time to crash until thirty days. The stream of research 
efforts (Evans, & Frick, 1988; Preusser, Williams, Ferguson, Ulmer, & Weinstein, 1998; Zador, Krawchuk, & 
Voas, 2000; Gates, D
either identifying the control variables affecting the fatality risk (binary: fatal/non-fatal) associated with these 
fatal crashes or the factors affecting the involvement in a fatal crash as a function of some specific crash 
attributes. Another stream of research efforts (Eluru, & Bhat, 2007; Kaplan, & Prato, 2012) focus on injury 
severity patterns resulting from traffic crashes. In these research attempts, the injury severity is categorized as an 
ordinal variable (includes no injury, minor injury, major injury and fatal injury). The analysis, typically 
undertaken using General Estimates System (GES) database, allows us to quantify the impact of exogenous 
variable for all crashes not just fatal ones  thus the sample provides a more representative dataset. The GES 
database is a nationally representative sample of road crashes across the United States.  
Though these studies offer many useful insights, there are still two aspects that are neglected in the analysis. 
First, the studies from the fatal versus non-fatal group assume that all fatal crashes in the FARS dataset are 
similar. However, a crash resulting in a fatal injury at the scene is very different from a crash resulting in a 
fatality 20 days later. It is surprising that no research attempt has been undertaken to discern the difference. In our 
study we focus on identifying the associated risk factors of driver fatalities while recognizing that fatality is not a 
single state but rather is made up of multiple discrete states  from dying instantly to dying within the thirty days 
of crash (as reported in the FARS data). Second, the FARS and GES datasets have always been independently 
employed to study the influence of exogenous factors on injury severity. FARS data provides detailed 
information on the fatality spectrum while GES data provides detailed information on all crashes. In our study, 
we attempt to benefit from these individual datasets strengths by data pooling. Specifically, the fatal crashes from 
GES will be replaced with fatal crashes from FARS dataset. The pooled dataset will allow us to simultaneously 
examine the whole spectrum of injury severity on an eleven point ordinal severity scale - no injury to fatality 
characterized as instant death.  
A critical component in identifying and gaining a comprehensive understanding of the various factors that 
contribute to the negative externalities (property damage and injuries) of crash outcome is the application of 
disaggregate level crash severity modeling. Driver injury severity is often reported as an ordered variable (for 
example: no injury, minor injury, serious injury, and fatal injury) resulting in the application of ordered response 
(ordered logit or probit) models for analyzing risk factors. However, the traditional ordered response models 
restrict the impact of exogenous variables on the outcome process to be same across all alternatives (Eluru, Bhat, 
& Hensher, 2008). The recent revival in the ordered regime has addressed this limitation by allowing the analyst 
to estimate individual level thresholds as function of exogenous variables as opposed to retaining the same 
thresholds across the population (as is the case in standard ordered logit). The approach is referred to as the 
Generalized Ordered Logit (GOL) (or proportional odds logit) model (Yasmin, & Eluru, 2013; Eluru, 2013). 
Therefore, in the current research effort, we employ the GOL framework to examine: 1) the driver fatalities 
characterized as a discrete variable of continuum of fatal injuries using FARS dataset and 2) the driver injury 
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severity by using pooled dataset from FARS and GES. In summary, the study presents a methodology to 
undertake the crash severity analysis at a fine resolution employing two widely employed road crash databases. 
2. Model Framework 
In our study, the two discrete outcome variables are modeled using the GOL framework described in this 
section. In the traditional ordered logit (OL) model, the discrete injury severity levels yi are assumed to be 
associated with an underlying continuous latent variable yi*. This latent variable is typically specified as the 
following linear function:   
    yi*=Xi i, for i=1,2,........N (1) 
Where ,  represents the drivers; Xi is a vector of exogenous variables (excluding a constant); i 
is a vector of unknown parameters to be estimated, i is the random disturbance term assumed to be standard 
logistic. Let  denotes the injury severity levels and i represents the thresholds associated with these 
severity levels. These unknown is are assumed to partition the propensity into j-1 intervals. The unobservable 
latent variable yi* is related to the observable ordinal variable yi  by the i with a response mechanism of the 
following form: 
Yi j-1 <yi* < i , forj= 1,2....J  (2) 
However, the traditional OL model assumes that these is remain fixed across crashes. But, it is possible that 
depending on the individual and crash attributes the thresholds could vary across crashes. The generalized 
ordered response model relaxes the constant threshold across population restriction to provide a flexible form of 
the traditional OL model. The basic idea of the GOL is to represent the threshold parameters as a linear function 
of exogenous variables (Eluru, Bhat, & Hensher, 2008). Thus the thresholds are expressed as: 
j  = fn (Zij)  (3) 
where,  Zij is a set of exogenous variable (including a constant) associated with jth  threshold. Further, to 
ensure the accepted ordering of observed discrete severity 121 ..... i  , we employ the 
following parametric form as employed by Eluru, Bhat, and Hensher, (2008): 
   ijjjj Zexp1  (4) 
where,  j  is a vector of parameters to be estimated. Given these relationships across the different parameters, 
the resulting probability expressions for individual i, alternative j for the GOL model take the following form: 
iijsijiijijiirij XZAXZAXjyP 1211 exp(exp(  (5) 
where (.)  represents the standard logistic cumulative distribution function. For identification reasons, we 
need to restrict one of the j   vectors to zero. 
3. Data 
The data for the current study is sourced from the FARS and GES databases for the year 2010. FARS data is a 
census of all fatal crashes in the United States and compiles crashes if at least one person involved in the crash 
dies within thirty consecutive days from the time of crash. The dataset in fact provides a continuous timeline of 
the fatal occurrences. The FARS database has a record of 30,196 fatal crashes with 32,885 numbers of fatalities 
for the year 2010. These data bases are obtained from U. S. Department of Transportation, National Highway 
sa.dot.gov). The GES 
database is a nationally representative weighted stratified sample of road crashes collected and compiled from 
about 60 jurisdictions across the United States. It includes information of reports compiled by police officers for 
crashes involving at least one motor vehicle travelling on a roadway and resulting in property damage, injury or 
death. The GES crash database has a record of 46,391 crashes involving 81,406 motor vehicles and 116,020 
individuals for the year of 2010. A five point ordinal scale is used in the database to represent the injury severity 
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of individuals involved in these crashes: 1) No injury; 2) Possible injury; 3) Non-incapacitating injury; 4) 
Incapacitating injury and 5) Fatal injury. These datasets provide information on a multitude of factors (driver 
characteristics, vehicle characteristics, roadway design and operational attributes, environmental factors and 
crash characteristics) representing the crash situation and events.  
3.1. Sample Formation and Description 
This s
single or two vehicle crashes. The crashes that involve more than two vehicles are excluded from both of the 
FARS and GES datasets. Commercial vehicles involved collisions are also excluded in order to avoid the 
potential systematic differences between commercial and non-commercial driver groups. From the FARS, only 
the drivers who were fatally injured are considered for the current study. The final FARS dataset, after removing 
records with missing information for essential attributes, consisted of about 8,845 records. From the continuous 
timeline of the fatal occurrences, a seven point discrete ordinal variable is created to represent the scale of fatal 
injury severity of drivers involved in these crashes - from least severe to most severe fatal crashes: 1) Died within 
6 to 30 days of crash, 2) Died within 2 to 5 days of crash, 3) Died within 7 to 24 hours of crash, 4) Died within 2 
to 6 hours of crash, 5) Died within 31 to 60 minutes of crash, 6) Died within 1 to 30 minutes of crash and 7) Died 
instantly. From this dataset, a sample of 2,967 records is randomly sampled out for the purpose of estimating 
models and in the final estimation sample, the distribution of driver fatalities over the fatality scale are: 6.2%, 
4.9%, 4.4%, 21.2%, 14.6%, 20.4%, 20.4% and 28.3%, respectively. The final GES dataset, after removing 
records with missing information for essential attributes consisted of about 25,294 records. From this dataset, a 
sample of 6,062 records is randomly sampled out for the purpose of estimating models. In the estimation sample, 
the distributions of driver injury severities are as follows: No injury 637%, Possible injury 14.0%, Non-
incapacitating injury 13.1%, Incapacitating injury 8.2% and Fatal injury 1.0%.  
3.2. Data Pooling 
database with the more detailed fatal crashes from FARS database. However, with the low proportion of fatal 
crashes in GES we are likely to have very few fatalities in the dataset. To address this, we oversample fatalities 
from the FARS data and use them to replace fatalities in GES database while creating an appropriate weight 
variable. This approach ensures that the distribution of the injury severity variables in the GES system are not 
affected i.e. we ensure the same number of fatal crashes in the dataset while augmenting records from FARS. To 
generate the pooled sample, we removed the fatal crashes (59 cases) from GES sample and replaced it with 2,967 
fatal cases from FARS along with the weight ( FG59/2967). Thus, in the final pooled dataset, weights of 1 were 
assigned to the original GES non-fatal cases and weight of FG is assigned to FARS fatal cases. In the final 
estimation sample of pooled data, the driver injury severities are presented as a eleven point ordinal scale 
variable: 1) No injury, 2) Possible injury, 3) Non-incapacitating injury, 4) Incapacitating injury, 5) Died within 6 
to 30 days of crash, 5) Died within 2 to 5 days of crash, 7) Died within 7 to 24 hours of crash, 8) Died within 2 to 
6 hours of crash, 9) Died within 31 to 60 minutes of crash, 10) Died within 1 to 30 minutes of crash and 11) Died 
instantly. 
4. Empirical Analysis 
4.1.  
Table 1 presents the results of the GOL estimates for FARS sample. In GOL, when the threshold parameter is 
positive (negative) the result implies that the threshold is bound to increase (decrease); the actual effect on the 
probability is quite non-linear and can only be judged in conjunction with the influence of the variable on 
propensity and other thresholds. 
Driver Characteristics: The negative sign of latent propensity associated with driver age suggests that the 
likelihood of dying earlier is lower for older drivers compared to other driver groups. On the other hand, the 
negative sign of threshold demarcating the timeline of death from 7-24 hrs to 1-6 hrs indicates a higher likelihood 
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of dying within 6 hrs of crash for this group of driver. It is important to note that the variable impacts in 
propensity and thresholds are offsetting one another and the realization of exact impact is specific to every 
individual involved in the collision. GOL model estimates indicate a higher likelihood of early mortality risk of 
alcohol impaired drivers compared to the sober drivers. Intoxicated drivers are identified to be less immune to 
post traumatic response and suffer from more severe abdominal injuries. Furthermore, higher impact speed 
differential due to the risk taking disposition of alcohol intoxicated driver (Soderstrom, Ballesteros, Dischinger, 
Kerns, Flint, & Smith, 2001) presumably reduces the time to death of this group of drivers. The result associated 
with physical impairment of driver represents a lower propensity of early death. The result is counterintuitive; 
however, the result could be a manifestation of a very small sample of such individuals in the dataset. 
Vehicle Characteristics: The vehicle age result of the estimated model demonstrates that the likelihood of 
dying within 6 hours of crash increases with the increase in vehicle age. The result highlights the advantages of 
newer vehicle fleet - presence of advanced safety technologies and designs of newer vehicle with improved crash 
worthiness (O'Neill, 2009; Ryb, Dischinger, McGwin, & Griffin, 2011; Richter, Pape, Otte, & Krettek, 2005). 
Model estimates for vehicle type variable indicate a lower risk of dying earlier for SUV driver compared to the 
driver of other passenger vehicles. 
Roadway Design and Operational Attributes: The results for speed limit indicate that the propensities to die 
earlier are higher for crashes occurring on roads with medium or higher speed limit relative to lower speed limit 
roads. Higher speed, representing average driving speed, significantly increases the kinetic energy of crashes 
(Halliday, & Walker, 2003; Elvik, 2004; Sobhani, Young, Logan, & Bahrololoom, 2011) resulting in medical 
complications with multiple injuries and traumatic brain injury to the victims (Weninger, & Hertz, 2007; 
McLean, & Anderson, 1997). Further, the cabin intrusion caused by high mechanical force of such crash might 
also increase the extrication time of victims from the damaged vehicle (Weninger, & Hertz, 2007). The results 
reveal that collision on a one-way traffic is negatively associated with time to death, while the effect on threshold 
of one-way traffic indicates an increased likelihood of death within 6 hours of involving in a collision. The 
presence of traffic control device is also found to have significant effect on the likelihood of surviving close to 
thirty days. The estimates reveal that the presence of stop sign increases the likelihood of early death of drivers. 
The early death propensity at/near stop sign locations perhaps is an outcome of non-compliance of stop signs 
(Romano, Voas, & Tippetts, 2006; Retting, Weinstein, & Solomon, 2003). 
Environmental Factors: With respect to the lighting conditions, the latent propensities for dark-lighted, dark-
unlighted and dawn periods are found positive indicating increased likelihood of dying earlier during these 
lighting conditions compared to daylight/dusk period. In general, driving at these periods is associated with 
higher risk of fatal accident due to reduced visibility, fatigue, higher incidence of alcohol use and/or increased 
traffic speed (Sánchez-Mangas, García-Ferrrer, De Juan, & Arroyo, 2010). However, longer accident notification 
time and emergency medical service response time at the crash location during these periods (Meng, & Weng, 
2013; Klop, & Khattak, 1999) perhaps exacerbates the impact of the crash. With respect to the weather condition, 
the result reveals a decreasing probability of early mortality for other weather condition 
(fog/smog/smoke/sleet/hail/severe cross wind). At the same time, the negative sign of threshold demarcating 1-5 
days and 7-24 hours timeline of death indicates an increased probability of dying within 24 hours of crash. The 
result also highlights how the GOL model allows such flexible specification by allowing the threshold in the 
traditional ordered response model to vary based on crash attributes. Delayed emergency medical service in poor 
weather condition (Meng, & Weng, 2013) might attribute to such outcome of crash. 
Crash Characteristics: The time to death propensity is observed to be lower for front-to-rear collision relative 
to other manners of collision. Biomechanics (fractures of the spine, extensive soft-tissue traumatization, dorsal 
serial rib fractures) of a serious front-to-rear collision might be a plausible reason for this result. The GOL 
estimates show that collision on intersection and driveway access has a reduced likelihood of early death for the 
drivers. With respect to the trajectory of vehicle's motions, the estimates also indicate lower propensities of early 
death for starting in traffic lane and turning left motion of vehicles. Presence of passenger in the vehicle at the 
time of collision is also found to have significant impact on the time to death of driver, but, at the same time, the 
positive value of the second threshold of the variable reflects a decrease probability of death within 6 hours of 
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crash. The result is quite interesting and the reasons for the effect are not very clear. It is possibly a manifestation 
of unobserved information that is not considered in our analysis. 
 
4.2. Estimation  
Table 2 presents the results of the GOL model for the pooled dataset. To conserve on space, we do not provide 
a discussion of the estimation results of individual variables (detailed discussion of results are available on 
request from the authors) but present an overall summary of variable effects. The factors that contribute to an 
increase in the likelihood of crash severity include: female driver, driver age 65 and above, not using seat belts, 
driving under the influence of alcohol, driving with physical impairment, increase in vehicle age, medium or high 
speed limit, one-way traffic, other traffic control device, other weather condition, collision with large stationary 
object, head-on collision, stopped in traffic lane and ejection out of driver. The factors that contribute to a 
decrease in the likelihood of crash severity include: driver age less than 25, driving a pickup or van, yield sign, T 
and Y intersection, snowy surface, collision with other object, sideswipe-same direction collision, front to rear 
collision, other manners of collision, driveway access, other location, turning left, turning right and backing up.  
5. Conclusion 
This paper focuses on identifying: 1) the driver fatalities characterized as a discrete variable of continuum of 
fatal injuries using FARS dataset and 2) the driver injury severity by using pooled dataset from FARS and GES. 
Thus, the current study contributes to literature on driver injury severity in multiple ways. First, the study 
considers the continuum of fatal injury and estimates the risk factor affecting the time to death of fatally injured 
drivers. Second, we focus on developing a data pooling method that will allow us to draw the detailed 
information available from FARS data and augment the information available within the GES system. Third, the 
study examines the risk factors affecting the driver injury severity by considering the injury severity outcome at a 
more disaggregate level of fatalities - on an eleven point ordinal severity scale (no injury to fatality characterized 
as instant death). Finally, we undertake the examination of driver injury severity using a comprehensive set of 
exogenous variables. In summary, the study presents a methodology to undertake the crash severity analysis at a 
fine resolution employing two widely employed road crash databases. The research expects to provide a more 
accurate estimation of the associated risk factors  a critical requirement to assist decision makers, transportation 
officials, insurance companies, and vehicle manufacturers towards making informed decisions to improve road 
safety. 
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